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Introduction
The question of whether investor sentiment affects financial asset prices has received a considerable attention in the academic literature, especially after the dramatic rises and falls of the stock market in recent years. A growing number of empirical studies have found evidence of a relationship between investor sentiment and market returns. 1 This in turn has motivated many researchers to explore the explanatory power of sentiment for various well-documented anomalies including the size effect (Baker and Wurgler, 2006) , value effect (Frazzini and Lamont, 2008) , and momentum effect (Antoniou et al., 2010) . The general finding from this literature is that sentimentrelated overpricing is at least a partial explanation for these asset-pricing anomalies. This is somewhat surprising given that sentiment has been strongly linked with herding activity (Blasco et al., 2011) , speculative trading (Lemmon and Ni, 2010) , and the profitability of momentum strategy (Antoniou et al., 2010) , and that the momentum trading is often referred to as positive feedback trading in the literature. Furthermore, it is well known that many market watchers and finance practitioners believe in "sentiment" and treat it as an indicator for future market movement. 4 ETFs has provided a unique and natural laboratory to test feedback trading theories.
There are several types of feedback trading models in the literature carrying different implications for the autocorrelation pattern of returns (Shiller, 1984; Cutler et al., 1990; Sentana and Wadhwani, 1992; hereafter SW) . 9 Nonetheless, the prior literature has generally restricted itself to testing the presence of feedback trading on stock market indices which are not directly tradable. Such a restricted testing framework is overly limiting and, thus, may lead to inappropriate policy responses. But in the case of ETFs, we can directly observe the investor trading behaviour and, therefore, we can be ascertain that our empirical results are not driven by factors other than the existence of feedback traders, e.g., the non-synchronous trading.
Using the SW model and a data set of U.S. ETFs from 2000 to 2007, this paper attempts to address the issues raised above by estimating the feedback trading behaviour of index fund investors and studying how their activity can be related to the changes in investor sentiment. In particular, unlike previous studies, this paper uses a unique framework that allows the behaviour of feedback traders to be determined by both market prices and investor sentiment in order to address the following questions.
 Do ETF investors exhibit positive feedback trading activity?
 Whether, and to what extent, investor sentiment affects the feedback trading?
 Are there any differences in the relationship between investor sentiment and the level of feedback trading across market regimes?
9 It should be noted that the feedback trader argument is only one of many arguments proposed for the presence of autocorrelation. Alternative explanations such as the presence of time-varying risk premia (Fama and French, 1988) , non-synchronous trading (Lo and MacKinlay, 1990) , and other market microstructure bias (Mech, 1993) have been largely dismissed in the literature.
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Taken together, the present study adds to the existing literature in a number of ways.
First, we extend the work of Goetzmann and Massa (2002) and Kallinterakis and Khurana (2009) , by performing a detailed analysis of the trading behaviour of index fund investors in the fast growing ETF markets in the U.S. In particular, using the original SW model, we examine whether ETF traders use positive feedback strategies.
The result of such investigation may provide additional insights into the potential determinants of stock return autocorrelation. 10 In a series of papers, McKenzie and Faff (2003) , McKenzie and Faff (2005) , and McKenzie and Kim (2007) investigate what characteristics drive the nature of autocorrelation pattern. Their results suggest that the observed autocorrelation are too large to be explained by the time-varying expected returns and non-synchronous trading. They then examine the role of feedback trading strategies and conclude that autocorrelation is, at least in part, induced by traders systematically follow trend-chasing strategies. Our paper addresses this issue using a framework that directly links autocorrelation and feedback trading.
Secondly, our study also contributes to a growing literature studying the role of investor sentiment in asset pricing and investor behaviour. We extend the standard model of SW by allowing the demand of feedback traders to be determined not solely by prices but also by sentiment. The result obtained may be particularly relevant in providing a deeper understanding of question why feedback trading might take place.
Although a number of reasons (both rational or irrational) have been put forward in explaining the presence of feedback trading, such strategies are usually associated with noise / uninformed traders whose demand are likely to be driven by sentiment.
11 10 The behaviour (and the determinants) of stock return serial correlation has been a long-standing interest to economists. See McKenzie and Faff (2005) for a survey. 11 Positive feedback trading can also be the result of many 'rational' motivations such as trading on extrapolative expectations, activation of stop-loss orders, and portfolio insurance strategies.
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Thirdly, we repeat our analyses using data from different market conditions (bull and bear markets) in order to provide a comparison of findings on up-market with that of down-market. This appears to be another novelty in the literature on the subject.
Assuming that sentiment is an important factor in inducing noise trading activity, the sentiment-driven feedback trading is likely to be more pronounced in the bull market with higher sentiment state. Consistent with this notion, Cooper et al. (2004) finds that momentum trading activity by noise traders increases in the up-market periods.
Finally, a number of previous investigations have yielded results suggesting that the predictability of stock returns varies over time (e.g., Pesaran and Timmermann, 2000) .
Our extension of SW model to allow feedback traders to react to the sentiment predicts a link between autocorrelation and the investor sentiment, and may provide another possible explanation for the phenomenon of time-varying predictability.
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The major findings of our investigation can be summarized as follows. First, our empirical results suggest that, consistent with the existence of positive feedback traders in the markets, there is a negative relationship between autocorrelation and volatility of ETF returns. Moreover, we find that the level of positive feedback trading is generally related to investor sentiment. Specifically, when investors are optimistic (pessimistic), they are more (less) likely to follow trend-chasing investment strategies.
The influence of sentiment also appears to be stronger during the bullish market.
These results survive an array of robustness checks and are consistent with the view that feedback trading consists, at least partly, of sentiment-driven noise trading.
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The remainder of the paper is organized as follows. Section 2 briefly reviews the related literature and section 3 outlines the alternative feedback trading models used in our investigation. The data and descriptive statistics are provided in Section 4.
Section 5 presents and discusses the main empirical results and robustness checks.
Finally, section 6 concludes the paper. (Edelen et al., 2010, p.20) . 13 Accordingly, over the last few decades, there has been a growing interest in researching the implications of investor sentiment in financial asset pricing, especially in regards to how and when the sentimentinduced bias may impact on (or distort) stock prices. The attention of literature thus far, however, has been focused on the cross-sectional and the time-series relationship between sentiment and market returns (Wang et al., 2006; Baker and Wurgler, 2006) and how sentiment affects corporate financing decisions (Lamont and Stein, 2005) .
Investor Sentiment and Feedback Trading
14 The central question of whether investor sentiment affects investors' trading strategies has received a much less attention in the extant literature, and in particular we can identify only a limited number of studies on the potential link between investor sentiment and positive feedback trading (trend-chasing) strategies. 13 However, another possible definition of investor sentiment is the propensity/likelihood to speculate. Under this definition, sentiment drives the relative demand for speculative investments, causing crosssectional effects in stock prices even in the presence of rational arbitrage (Baker and Wurgler, 2006) . 14 While considerable evidence exists that investor sentiment affects the cross-section of stock returns, empirical findings on the time-series relationship appear much less clear and diverges substantially in terms of the direction and magnitude of the effects. See, for example, Wang et al., (2006) .
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Many studies have considered the role of feedback trading on market dynamics and show that such behaviour may be destabilizing on stock prices (DeLong et al., 1990) .
Consistent with the existence of positive feedback traders, a number of studies have found significant links between autocorrelation and the volatility of stock returns (LeBaron, 1992; Koutmos, 1997) . Cutler et al. (1990) even argues that the autocorrelation properties of a large number of assets can be explained by a simple model which allows for the existence of both rational investors and feedback traders.
This has attracted an enormous attention devoted to asset pricing models that rely on the existence of heterogeneous investors. For instance, building on the work of Cutler et al. (1990) , SW develops a theoretical model consisting of two groups of investors:
(i) rational investors whose demand for shares depends on the risk-adjusted expected return, and (ii) feedback traders whose demand depends on the previous stock return.
This model implies that actual returns are generated as a simple autoregressive process in which the parameter on lagged returns is a function of the conditional variance, i.e., the existence of a relationship between autocorrelation and volatility.
SW finds strong statistical support for their model using a century of daily data on the U.S. stock market. Moreover, they find that returns switch from being positively autocorrelated to negatively autocorrelated as volatility increases. SW interprets this result as an indication that positive feedback trading is higher in the periods of high volatility, but negative feedback trading dominates in the period of low volatility. We extend the logic of SW analysis to consider the potential links between investor sentiment and the behaviour of feedback traders. Several papers have explored the links between sentiment and stock returns (Brown and Cliff, 2005; Baker and Wurgler, 2006) , and there have been a number of empirical investigations concerned with the behaviour of feedback traders in mature and emerging stock markets (Bohl and Siklos, 2008) as well as stock index futures markets (Salm and Schuppli, 2010) .
However, there has been scarce empirical investigation of feedback trading that allows for time-varying investor behaviour over different sentiment states.
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Since it is widely recognised in the recent literature that investor sentiment has significant predictive power for stock returns Wurgler, 2006, 2007) and that stock market fluctuations are also to some extent related to investor sentiment (Lee et al., 2002; Wang et al., 2006) , it seems overly restrictive to assume that the behaviour of feedback traders is unaffected by their sentiment. Intuitively, to the extent that feedback traders believe in non-fundamental signals emerging from technical analysis or heuristic rules (e.g., trend extrapolation) and trade upon the sentiment-driven expectation (i.e., excessively optimism or pessimism), their investment decisions / activities are expected to be influenced by sentiment. Indeed, several recent papers show that investor sentiment affects the trading behaviour of both individual and institutional investors (Edelen et al., 2010) . As shown by Basu et al. (2006) , sentiment improves the performance of dynamically managed portfolio strategies, both for standard market-timers as well as for momentum-type investors.
Motivated by these arguments and empirical findings, in this paper we make several extensions to SW model to allow the behaviour of feedback traders to vary depending on whether they are feeling optimistic or pessimistic about the future market. This not only provides a robustness check to the previous empirical results that rely on the assumption of fixed behaviour over different sentiment states but also is relevant in our understanding of the central question of why feedback trading might take place.
Feedback Trading Models
There are several types of feedback trading models proposed in the literature carrying different implications for the autocorrelation pattern of returns. For instance, the feedback models by Shiller (1984) and Cutler et al. (1990) both imply positive autocorrelation of stock returns. However, Shiller (1989) point out that positive feedback trading can give rise to negligible (or even negative) return autocorrelation.
On the contrary, the heterogeneous trader model developed by SW predicts that the interaction between positive feedback traders and rational investors tend to induce negative first-order autocorrelation, especially so during the high volatility periods 17 .
Feedback Trading in SW's Framework
Before incorporating the effect of sentiment into feedback trading, we first briefly outline the model of feedback trading developed by Sentana and Wadhwani (1992) .
SW model assumes that there are two distinct groups of investors: one is a group of rational 'smart-money' investors who responds rationally to expected returns subject to their wealth limitations; the other is a group of feedback traders who do not base their investment decisions on fundamentals but rather react to previous price changes.
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The demand for shares by the first group (rational or 'smart-money') investors in period t, S t , is consistent with the maximization of expected mean-variance utility:
where E t-1 R t is the expected return in the period t-1,  is the risk-free return,  2 t is the conditional variance (risk) in period t and  is the fixed coefficient of risk aversion.
As  is positive, the product ( 2 t ) is the required risk premium.
The second group 'feedback traders' whose demand for shares, F t , depends solely on the previous period's return:
where R t-1 denotes the actual return in the previous period. The value of the parameter  allows us to discriminate between two types of feedback traders:  > 0 refers to the case of positive feedback traders who buy (sell) after a price rise (fall), 18 while  < 0 indicates the case of negative feedback traders, who exhibit the opposite investment behaviour by adhering to a 'buy low, sell high' investment strategy.
Equilibrium in the stock market requires that all shares are held, thus:
If all investors are rational 'smart-money' investors (i.e., F t = 0), market equilibrium (S t = 1) yields the standard capital asset pricing model (CAPM):
18 Evidence of this type of behaviour for both individual investors and institutions can be found in Nofsinger and Sias (1999) . It should be noted that positive feedback trading needs not be irrational or noise trading. It is consistent with, for example, portfolio insurance strategies and the stop-loss orders. Nonetheless, as Shleifer (2000) point out, this trading behaviour has the potential detrimental effect of moving prices away from their fundamental value.
However, allowing the existence of both types of traders, substituting (1) and (2) into (3) and rearranging gives:
Compared to the standard CAPM of (4), equation (5) 
where  t is an independently and identically distributed error term. And in order to investigate the presence and the role of feedback traders, SW convert equation (6) into an empirical version of their model:
19 It has been argued that the higher predictability that arises because of feedback trading will not necessarily be exploited by the first group of investors as the risk is also higher. By contrast, in anticipation of the responses of positive feedback investors, rational speculators tend to 'jump on the bandwagon' and therefore, instead of stabilising prices, they move them further away from their fundamental values. Thus, the interaction of positive feedback traders and rational investors could lead to price movements that are not warranted by their fundamental value (Shleifer, 2000) .
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where φ 1 = -γ. Thus, the presence of positive (negative) feedback trading implies that φ 1 must be negative (positive) and statistically significant. The coefficient φ 0 is added to capture the autocorrelation induced by the potential market frictions / inefficiency.
In their empirical work, SW assumes that the conditional variance σ 2 t can be modelled as a generalised autoregressive conditional heteroscedastic (GARCH) process. In subsequent investigations a negative relationship between autocorrelation and volatility has also been found to be a feature of returns for mature and emerging stock markets (Bohl and Silkos, 2008) , foreign exchange markets (Laopodis, 2005) , as well as stock index futures markets (Salm and Schuppli, 2010) . 
Feedback Trading with Sentiment
The feedback traders' demand function used in the studies mentioned above assumes that their demand for shares depends only on the previous period's return and is invariant across different level of investor sentiment (as given by the equation (2)).
14 However, recent literature has seen a rise of studies investigating the link between investor sentiment and stock returns and finds that investors' demand for stocks are to some extent driven by sentiment, particularly for those noise / uninformed traders. Kurov (2008) has showed that, in a microstructure setting, the positive feedback trading in the E-mini index futures markets increases when investors are optimistic.
This suggests that positive feedback activity is, at least in part, driven by the existence of noise traders who are more likely to follow trend-chasing strategies; and that the degree of this positive feedback trading intensifies in high-sentiment periods.
Motivated by the above literature, we extend the feedback trading model to allow for the investor sentiment to exert an additional influence on feedback trading.
Specifically, following the SW framework, this paper assumes the existence of a group of investors who does not explicitly take risk into account, however, their decision of buying or selling is more complex than the naïve feedback traders who simply react to the previous price changes. Instead, when deciding whether to invest, their decision making process is to some extent dependent on how they feel about the future performance of stock market i.e., whether they are optimistic or pessimistic.
More formally, we assume there are two distinct groups of investors: smart-money investors and feedback traders, and the relative demand by smart-money investors are given by equation (1). Consider first extending SW model so that the demand for shares by feedback traders depends on their sentiment state in an additive way:
where D t is a dummy variable that is equal to 1 in a period of high investor sentiment (i.e., optimistic) and 0 in a period of low investor sentiment (i.e., pessimistic), 15 allowing the demand function of feedback traders to be somewhat sentiment-driven.
In order to identify whether a particular period is optimistic or pessimistic, we follow Antoniou et al. (2010) to calculate a rolling average of the sentiment level for three months prior to the time period under consideration. In particular, a particular period is classified as 'optimistic' if the current investor sentiment indicator is greater than its previous 3 month average; otherwise the period is classified as a 'pessimistic' state.
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Substituting (1) and (8) into (3), and assuming the rational expectation produces:
Thus the return in period t depends additively on the sentiment indicator D t and the extent of this dependence varies with conditional volatility σ (9) can be re-parameterised as:
giving a non-linear model similar to the model estimated by SW, but here both the constant  and parameter on the conditional variance  are allowed to vary across the
Note that in the extended feedback trading model associated with equations (8)- (10), the reaction of feedback traders to price changes is not dependent on the sentiment, although their overall demand for share is. As an alternative we consider feedback traders demand function that is affected by sentiment in a multiplicative way:
where D t is defined as before. In this case the reaction of feedback traders to individual price rises and price falls varies over the sentiment state if  .
Substituting (1), (11) into (3) and assuming the rational expectation gives: (12) can be re-parameterised as:
Empirical Model Specifications
In our empirical analysis we estimate a number of positive feedback trading models.
The first is the original specification of SW (1992):
It is clear from equation (14) that, to complete the model, it is necessary to specify the conditional variance equation. Since it is now well established in the literature that stock returns are characterised by conditional heteroscedasticity, a GARCH type specification is used for the conditional volatility. 23 In the subsequent analysis we assume a GJR-GARCH (1,1) specification for the conditional variance of returns:
where σ 2 t is the conditional volatility in period t,  t-1 is the innovation in period t-1 and I t-1 is an indicator which assumes a value of one in response to bad news ( t-1 < 0) 23 Extensive tests were conducted to see which form of the conditional volatility equation seems to fit our return data the best. On the basis of the log-likelihood, AIC and SBC, the asymmetric models tend to fit the data better than the symmetric model, with GJR-GARCH performing better than EGARCH. The results of these specification tests are not reported here, but are available on request.
and zero otherwise. If  is positive and statistically significant, it would indicate that a negative shock has a greater impact on future volatility than a positive shock of the same size. α 1 is the news coefficient capturing the impact of the most recent innovation,  is a measure of persistence, and α 0 represents unconditional volatility.
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The model given by equations (14) and (15) is referred to as the 'baseline' Model I.
The first modification to this baseline model (Model II) is to incorporate the impact of investor sentiment on the demand of feedback traders in the manner of equation (8).
The actual model we estimate is a re-parameterised version of (9):
where D t = 1 in a period of high sentiment and D t = 0 in a period of low sentiment.
The third model (Model III) assumes the demand by feedback traders depends on the sentiment as in (11). The actual specification is re-parameterised version of (12):
The fourth model considered (Model IV) is the augmented model which allows all parameters in the conditional mean to shift over the sentiment state: 
Data and Descriptive Statistics
Given its growing significance in global financial market and its unique characteristics, ETF markets provide a key opportunity to investigate further the impact of feedback trading on stock returns, and to examine the fluctuations (if any)
in the intensity of feedback trading over investor sentiment states. As mentioned above, since ETFs are directly tradable just like any other stocks, it is expected that the sentiment-driven noise trading will be easier to identify and the potential nonsynchronous trading issue inherent in many previous studies relying on market indices can be overcome. Hence, conclusion drawn here can be considered to be more robust.
Therefore, for the empirical analysis we investigate returns on the three largest Exchange-traded funds (ETFs) in the US i.e., (i) S&P500 SPDR the 'Spider' which was launched in January 1993, ticket symbol SPY; (ii) Dow Jones Industrial Average (DJIA) ETF the 'Diamond' that was listed in January 1998, ticker symbol DIA; and (iii) Nasdaq-100 ETF the 'Cubes' launched in March 1999, ticker symbol QQQQ.
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Daily closing prices on these ETFs were collected from Datastream for the period of 01/01/2000-31/10/2007 and returns were calculated as the first-difference of the 25 Due to the increased complexity caused by allowing the parameters to vary over time, one might encounter convergence difficulties in some cases. Broyden-Fletcher-Goldfarb-Shanno (BFGS) method was used instead for situation in which convergence cannot be reached within 50 iterations. 26 The overall trading in these three index funds accounted for almost one-third of the assets invested in the U.S. passive ETFs (Alexander and Barbosa, 2008) . This helps to ensure that our empirical results are not driven by potential problems of thin trading or illiquidity.
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natural logarithm of prices. The full sample covers both upward and downward market trends (as shown in Figure 1a) . Wurgler sentiment index) and the survey-based measures (see Qiu and Welch, 2006) . This paper uses the monthly investor sentiment measures constructed by Wurgler (2006, 2007) . These sentiment measures were constructed using six marketbased variables that relate to investors' tendency to purchase stocks. Since these variables are partly related to economic fundamentals, they regress each of these sentiment proxies on a set of macroeconomic variables and use the residuals from this regression as the sentiment proxies to extract an 'orthogonalized' sentiment index.
The overall index is the first principal component of these six sentiment proxies. Wurgler (2006, 2007) .
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The descriptive statistics for ETF returns as well as two sentiment indices are provided in Panel A of Table 1. The table shows Interestingly, similar pattern can also be seen in ETF price movements in Figure 1a .
29
[TABLE 1 ABOUT HERE]
To gauge the initial idea on the intensity of feedback trading in ETF markets we estimate an autoregressive model. 30 The results reported in Panel C of Table 1 show that there are significant autocorrelations and the coefficients are mostly negative.
Nonetheless, as shown in Section 3, the interaction of feedback traders and rational investors will give rise to autocorrelation patterns that are more complex than a simple autoregressive model can capture. It is, therefore, interesting and informative to further investigate the extent to which feedback trading affect the link between autocorrelation and volatility, and whether this change over different sentiment states.
29 This is perhaps not very surprising given the relatively high correlations between the sentiment indices and ETF return series as shown in Panel B of Table 1 . 30 The common perception is that the positive (negative) feedback trading leads to positive (negative) autocorrelation of stock returns. To investigate this possibility we estimate a simple autoregressive model of order five, AR(5).
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Empirical Results
Tables 2 and 3 summarise the results of maximum likelihood estimates for the original and three extended versions of SW feedback trader models as specified in Section 3.3 allowing for the possible influence of sentiment on feedback trading behaviour. In Tables 4 and 5 , we present some robustness checks of our results by implementing alternative sentiment measures, econometric specifications and data set.
Evidence on the Feedback Trading in ETF Markets
Consider first the results for the 'baseline' Model I (equations (14) and (15)) given in the first three columns of Table 2 . It can be seen that the coefficients describing the conditional variance process, α 0 , α 1 , , and  are not unusual. Specifically, they are all highly significant (except α 1 ) for ETF returns. In all cases, the moving average parameters α 1 are close to 0 and autoregressive parameter  tend to be 1, suggesting that the conditional variance is a highly persistent process. The significance of  means that conditional variance is an asymmetric function of past squared residuals.
The parameters testing the presence of feedback trading are those governing the autocorrelation of returns (φ 0 and φ 1 ). Consistent to results reported in Table 1 , Panel C, the constant components of autocorrelation (φ 0 ) are all negative although significant in only QQQQ market. Interestingly, as in SW and Koutmos (1997) , the parameter of interest φ 1 is negative and statistically significant in all instances, suggesting that positive feedback trading is present in ETF markets and their influence tend to be greater in periods of high volatility. Moreover, in all cases, the estimated parameter  is well below 2, the value required for normality, and varies close to unity suggesting that the distributions of returns are similar to the Laplace.
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This confirms that the departures from normality observed in raw returns series cannot be entirely attributed to temporal first and second moment dependencies.
Finally, an array of diagnostics performed on the standardized residuals shows no serious misspecification of the 'baseline' Model I.
For completeness, we repeat our analysis using the national stock market indices in order to provide a comparison of our findings based on ETF data with that of the underlying indices. 31 The results are reported in the last three columns of Table 2 .
Interestingly, whilst the parameters governing the behaviour of conditional variance remains almost the same, it turns out that the coefficient capturing the presence of feedback trading (i.e., φ 1 ) becomes statistically insignificant in DJIA and NASDAQ.
The differences allow us to suggest that relying on the data for 'non-investable' assets (e.g. stock market indices) may underestimate the actual extent of feedback trading.
[TABLE 2 ABOUT HERE]
The Effect of Sentiment on Feedback Trading
Turing our attention to the focus of this paper and consider the impact of investor sentiment on the behaviour and intensity of positive feedback trading in ETF markets.
As a useful starting point to our analysis, we extract the conditional autocorrelation from the baseline Model I, 31 We thank the referee for suggesting this additional analysis. 32 Salm and Schuppli (2010) present similar figures for the conditional autocorrelation of 19 international stock index futures and show that autocorrelation drops during the recent financial crisis.
Consider next the results for Model II, which are given in the first three columns of Table 3 . In this case, we allow the investor sentiment dummy to additively affect the demand for shares by feedback traders. This leads to the equations (16) and (17) They argue that the market is less rational during high-sentiment periods, due to higher participation by noise traders in such periods. 33 
[TABLE 3 ABOUT HERE]
The results for Model III as specified in the equations (18) and (19) are presented in the second three columns of Table 3 . Recall that this model allows the reaction of feedback traders to previous price changes to vary across investor sentiment states 33 Examination of why such differences exist is worthy of a study, but is beyond the scope of this paper.
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(the sentiment dummy enters the conditional mean equation (18) ' (p.23) .
This argument could be used to explain our finding that positive feedback trading is less intense during low-sentiment periods because the short-selling restrictions make it much more difficult and less profitable for investors to engage feedback trading when market is falling. From Model III we also find that there is a higher base level of positive autocorrelation (see the parameters 00 ; HL  ), consistent with the view that market is less rational / efficient during high-sentiment periods as more noise traders likely to trade in such periods. Also note that in contrast for Model II, in the case of 25 SPY at least, the null hypothesis of parameter stability across sentiment states (H 0 :
is rejected by likelihood ratio test at the 1% significance level.
This indicates that a model, such as the 'baseline' Model I, which assumes parameter constancy for this data is mis-specified.
The results for Model IV (equations (20) and (21)) are reported in the final three columns of Table 3 . In this case we find similar results to our previous models; the constant ( H ) is relatively higher in high-sentiment state (when investors are optimistic) as one would expect, and we find a stronger negative relationship between autocorrelation and volatility in the high-sentiment state than in low-sentiment state.
Note that the null hypothesis of parameter stability over sentiment state ( 
Robustness and Alternative Measures
To summarize the results so far, the evidence presented above suggests that there is there is a significant positive feedback trading in the U.S. ETF markets, and the intensity of which tends to increase when investors are optimistic. These results are consistent with the view that the market is less rational during high-sentiment periods, due to higher participation by noise traders in such periods. In this section, we examine the robustness of our results by implementing different econometric specifications, data set and frequency as well as alternative sentiment measures.
Robustness Tests
First we estimate the 'best' feedback traders Model III in equations (18) and (19) assuming the student-t distribution for standardized residuals instead of the GED distribution we used previously (note however that both distributions have a fatter tail than the normal distribution). Next, we estimate the same specification removing observations around the holidays to test the potential influence of non-synchronous or / infrequent trading on the main findings. Compared to the national stock market indices, the ETF markets are less prone to these problems; they may not be completely free of thin-trading bias as they might not be traded every day. 35 Overall, the findings (reported in Table 4 ) are qualitatively similar to the results presented in Table 3 and confirm that our main conclusions from the best-fit Model III hold for these alternative specifications. In addition, consideration is also given to the possible changes of our results when data with different frequency was used. In general, the results for the daily return do not carry over to the weekly returns and, in particular, 35 The authors are grateful to the referee for pointing out this possibility.
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there was no evidence of positive feedback trading (either base or sentiment-induced)
suggesting that feedback trading affect return dynamics only in the short term.
[TABLE 4 ABOUT HERE]
Alternative Measures of Investor Sentiment
In this section, we check the sensitivity of our results to an alternative 'survey-based' index for investor sentiment using measures based on University of Michigan's (MCG) consumer confidence surveys conducted in the U.S. for which we extracted directly from the Euromonitor International's Economic Observer database. Again, we follow previous procedure to calculate a moving average of the sentiment level for three months prior to the time period under consideration to determine whether a particular period is optimistic or pessimistic. Specifically, a particular period is classified as 'optimistic' if the current investor sentiment indicator is greater than its previous 3 month average; otherwise the period is classified as a 'pessimistic' state.
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[ Consistent with our earlier findings, the new evidence confirms the stronger negative relationship between autocorrelation and volatility (which is consistent with the presence of positive feedback trading) in high-sentiment state in all instances, except for QQQQ using MCG index. This supports the notion that our previous results are not driven by the choice of sentiment index. Taken these additional sets of tests together, the general conclusions discussed earlier appear to be robust to different model specifications, data set / frequency, and alternative sentiment measures. 36 We also examine the robustness of our main results to average sentiment calculated as the average of the six-months prior to the time period concerned. The results (not being reported here) confirm that our main conclusions from the best-fit Model III hold for this alternative sentiment specification.
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The Effect of Sentiment on Feedback Trading across Market Regimes
The analysis presented thus far for the entire period has revealed evidence of significant feedback trading in the U.S. ETF markets, and the extent of positive feedback trading rises with investor sentiment. However, it is plausible that the relation between investor sentiment and trading behaviour may vary across market regimes. We explore this possibility by dividing the full sample into two sub-periods: following the same GJR-GARCH specification and estimation procedure as before.
[TABLE 6 ABOUT HERE]
To keep the discussion compact, we will concentrate on the interpretation of the values for the feedback parameters φ 1H and φ 1L , which indicate the level of feedback trading and the influence of investor sentiment, respectively. An inspection of the subperiod results in Table 6 shows that the impact of sentiment on positive feedback trading tends to be stronger in bullish periods. More specifically, all the feedback trading parameters (φ 1H , φ 1L ) increase during the Bull market periods. Likelihood ratio test for the equality of φ 1H and φ 1L across market regimes is rejected in many cases.
The fact that investor sentiment is more influential in the bullish market is consistent with (i) the conjecture of Shiller (1984) noise trader model and notion that sentimentdriven noise trading tends to be more significant when markets are bullish, and (ii) evidence that sentiment improves the performance of dynamically managed portfolio strategies for momentum-based investors uncovered by Basu et al. (2006) .
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Conclusion
In this we has developed and estimated several feedback trader models in which the demand for shares by feedback traders is conditional not only on the previous price changes, but also on the investor sentiment state. Given the recent literature on the impact of investor sentiment on stock return predictability, it seems overly restrictive to assume that feedback traders would not affect by their sentiment when deciding whether to invest. Using the data on three largest ETF contracts in the U.S. and the investor sentiment measures constructed by Wurgler (2006, 2007) , we find statistically significant evidence suggesting that the negative relationship between autocorrelation and volatility, first uncovered by Sentana and Wadhwani (1992) , varies over the investor sentiment states. Specifically, we find this relationship (due to the presence of positive feedback traders) to be stronger when investors are optimistic.
This finding is in line with the recent results of Kurov (2008) who documents that the intensity of positive feedback trading tends to increase in the high-sentiment state.
This in turn suggests that positive feedback trading is driven, at least in part, by expectations of sentiment-driven noise traders. In addition, we also find that the influence of sentiment seems to be much stronger during the bullish market.
Overall, the findings provide new evidence of the direct impact of investor sentiment on the momentum-style feedback trading strategies. We deem our results very important in contributing to the current debate on the role of investor sentiment in asset pricing and investment behaviour, and are of great significance to the financial market regulators and many finance practitioners who continue to believe in 'sentiment' and treat it as a useful predictor for future market movement.
in context. We investigate relatively simple extensions of SW model and applied them to the data from three US ETF markets. Also, we classify the investor sentiment level into just two states, while it may be more practical to allow for three different categories: optimistic, pessimistic, and a 'mild' sentiment category. Further research might seek to resolve these issues should provide additional insights into the link between sentiment and investor trading behaviour. Furthermore, the recent findings of Edelen et al. (2010) suggest that fluctuations in the individual retail investors' sentiment relative to that of institutional investors was the primary driver of equity valuations for reasons unrelated to fundamentals. Exploration of similar 'relative' sentiment measures to this issue would seem to an interesting area for future research. SPY represents the S&P500 SPDR the 'Spider', DIA denotes the Dow Jones Industrial Average (DJIA) ETF the 'Diamond', and QQQQ is Nasdaq-100 ETF the 'Cubes'. SENT is the index for investor sentiment constructed by Wurgler (2006, 2007) and SENT^ is the same sentiment index, orthogonal to macroeconomic variables. The third series, SENT^3M, is the 3-month moving average of SENT^.
SENT^SENT SENT^3M (3-month moving average) 
Notes:
SPY represents the S&P500 SPDR the 'Spider', DIA denotes the Dow Jones Industrial Average (DJIA) ETF the 'Diamond', and QQQQ is Nasdaq-100 ETF the 'Cubes'. SENT is the index for investor sentiment constructed by Wurgler (2006, 2007) and SENT^ is the same sentiment index, orthogonal to macroeconomic variables. µ = sample mean;  = standard deviation; S = skewness; K = Excess Kurtosis; JB = Jarque-Bera test for normality LB(n) & LB²(n) are the Ljung-Box Q test of serial correlation for the level & squared ETF returns and sentiment indices, respectively; the test statistics are distributed as ² with n degree of freedom where n is the number of lags. ARCH(N) is the Lagrange Multiplier LM test for ARCH effects and distributed as a ² with N degree of freedom. The test results for JOINT are Engle and Ng's (1993) test for the potential asymmetries in conditional volatility. The test statistic is a F-statistic for the null hypothesis of b1=b2=b3=0 of the following regression:
where Z t ² is the square standardized residuals, ( t-1 /σ t ) 2 , St¯ is a dummy variable that takes a value of unity if  t-1 < 0 and zero otherwise; and St + is a dummy variable that takes a value of unity if  t-1 > 0 and zero otherwise. The unconditional autocorrelation (b i ) estimates are obtained using the following autoregressive equation: *, **, and *** indicate statistical significance at the 10%, 5% and 1% level, respectively. (14) and (15) 
Errors are assumed to follow the Generalised Error Distribution (GED) distribution that nests the normal (for =2) and the Laplace (for =1) distributions;  is a scale parameter estimated endogenously. The estimated t-statistics (shown in parentheses) are robust to autocorrelation and heteroscedasticity using Bollerslev and Wooldridge (1992) standard errors. *, **, and *** indicate statistical significance at the 10%, 5% and 1% level, respectively. Also see the notes given in Table 1 .
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Figure 2: Investor Sentiment and Conditional Return Autocorrelation
Notes: SENT^ represents the investor sentiment index constructed by Wurgler (2006, 2007) which is orthogonal to macroeconomic variables. SPYt, DIAt, QQQQt, are the conditional return autocorrelation, 
The variance equation is given by 2 2 2 2 0 1 1
Dt is a dummy variable that is equal to 1 in a period of high investor sentiment (i.e., optimistic) and 0 in a period of low investor sentiment (i.e., pessimistic Errors are assumed to follow the Generalised Error Distribution (GED) distribution that nests the normal (for =2) and the Laplace (for =1)
distributions;  is a scale parameter estimated endogenously. The estimated t-statistics (shown in parentheses) are robust to autocorrelation and heteroscedasticity using Bollerslev and Wooldridge (1992) standard errors. *, **, and *** indicate statistical significance at the 10%, 5% and 1% level, respectively. Also see the notes given in Table 1 . Dt is a dummy variable that is equal to 1 in a period of high investor sentiment (i.e., optimistic) and 0 in a period of low investor sentiment (i.e., pessimistic). LR is the likelihood ratio statistic for testing the restrictions, H 0 : φ   φ L φ   φ L (LR), H 01 : φ   φ L (LR1), H 02 : φ   φ L (LR2). SENT is the investor sentiment index constructed by Wurgler (2006, 2007) which is 'unorthogonal' to macroeconomic variables. MCG Sentiment Index is an alternative measure based on University of Michigan's consumer confidence surveys. 
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